Abstract: Empirical mode decomposition (EMD) is a multiresolution data analysis method recently developed to cater to the inherent nonstationarity in real-world signals. A two-dimensional (2D) extension of EMD is used in this paper as a pavement distress image analytical tool. The algorithm decomposes an image into a set of narrow band components (called bidimensional intrinsic mode function, or BIMF) that uniquely reflect the variations in the image. Although some components could have good image edge characteristics, others might hold fidelity to the shape and size of objects or trends in the image. Therefore, the complete spatial and frequency characteristic of a desired image feature might also be divided into the different components, indicating that all attributes of a desired feature might not be found in a single component. An optimal solution requires image mining from the different component resolutions to accurately extract those specific attributes without compromising certain spatial and frequency characteristics. Two major contributions to pavement image analysis are achieved. First, the paper explores pavement image denoising or enhancement by combining the EMD and a weighted reconstruction technique as a tool for background standardization of images acquired under different types of illumination effects. Second, using principal component pursuit (PCP), the authors reconstruct a composite image by selecting salient information from coarse and fine resolution BIMFs useful for accurate extraction of linear patterns in a pavement distress image. Compared with conventional image reconstruction or approximation techniques, the methodology used in this paper yields better results.
Introduction
The use of manual procedures for distress detection and classification is gradually giving way to a more robust, efficient, consistent, and objective method, automated digital image processing (DIP). However, the DIP technique is also confronted with a number of issues attributable to the complex and ideal assumptions made about pavement images. As a result, some systems can only detect certain kinds of distress in images acquired under controlled environments. This challenge calls for image analysis techniques that are data dependent, adaptive, straightforward, and have no special requirements for the source image.
Automatic pavement distress detection systems require a variety of tasks within the field of image processing, such as segmentation, recognition, and classification. These tasks are critically sensitive to external real-world elements caused by the environment (e.g., scene illumination), pavement texture characteristics, and the data acquisition systems (e.g., blurring or low contrast). Because a well-controlled environment is very difficult to achieve in practice, pavement images are usually corrupted with noise and or background illumination (such as shades and specular effects) variation from single or multiple sources. Most edge detection, classification, recognition, and thresholding schemes completely fail under these conditions.
Conventional digital pavement image analysis methods use techniques that attempt to transform images into a representation in which spatial or frequency information is present. In recent years, extensive research was conducted that investigated methods such as the wavelet and Fourier transforms for analyzing pavement images. These techniques are usually combined with edge detection and thresholding techniques to extract cracks from images. Abdel-Qader et al. (2003) and Hutchinson and Chen (2006) presented a comprehensive review and comparisons of the effectiveness of these transform techniques and the various edge detection techniques such as the Sobel filter and the Canny filter.
Despite the strength of these techniques, they are not fully adaptive. Fourier transforms and most smoothening filters used assume that the localized image statistics are stationary. The choice of a predetermined mother wavelet also renders wavelet transforms not completely data driven and fully adaptive. A number of median filter-based approaches (Fujita et al. 2009 ), Bayesian approaches, and multiscale space techniques (Xiang-long and Qing-quan 2006) are being investigated. In Fujita et al. (2009) , a median filtering approach is used to remove background variations. Although this preprocessing technique is effective, it is limited to very simplistic cases. In complex scenarios with different sources of illumination, the median filter erases some crack information and could lead to saturation of light areas. Several similar proposed methodologies (Liang and Salari 2009; Cheng and Miyojim 1998) suffer the same problems primarily because they assume that the background illumination may vary smoothly. A comprehensive note of design and implementation issues related to pavement distress analysis systems are discussed by Wang (2004) .
Pavement images are acquired with a variety of devices under nonuniform distributed lighting (Cheng and Miyojim 1998) . The problem with varying illumination usually results from the use of one or more primary sources of light, such as camera flashes or special lights in current pavement distress detection systems. Using a flash is common, especially when there are shades on the pavement. The problem arises with uneven coating surfaces for which using flash may create a number of specular reflections in the image acquired. In light of these challenges, most detection systems undergo very cumbersome and laborious pre and postprocessing routines that affect the integrity of the postprocessed image. The authors used a data driven approach to standardize corrupted images instead of imposing certain generic assumptions about the images.
The development of high-resolution cameras and laser-based image acquisition techniques has improved pavement image quality and resolution of cracks in classical pavement crack detection systems (Lee 2005; Wang 2007; Kim 2009 ). However, this advancement introduces a major challenge in pavement image analysis. Improving the resolution of cracks also increases the amount of noise contributed from the pavement texture. A common tendency for reducing the effect of texture noise is to use low spatial resolution images. Apart from the fact that low spatial resolution images might erase crack edges, the noise in pavement images does not always reside in a particular frequency; they are intermittent. For example, pavement textures (noise in this case) could be smaller, similar, or wider than the crack itself. In this case, a normal convolution with certain predefined basis functions will not be able to filter out the noise in the image.
To efficiently extract and classify pavement crack textures, emphasizing the specific features of interest and de-emphasizing other redundant information is necessary. Doing so results in the need for multiresolution image information mining for optimal, fast, and reliable preprocessing of images, which is particularly important for images recorded in real world situations.
To this end, an adaptive and empirical, data-driven decomposition technique called the empirical mode decomposition (EMD) is used. The EMD can be seen as a filtering process that results in a set of narrow band components called bidimensional intrinsic mode functions (BIMFs). Essentially, these BIMFs reflect variations in the spatial frequency of the image. Therefore, this capability is used to extract various linear patterns of interest from pavement images.
One major challenge to using the EMD technique has to do with the reconstruction of the BIMFs with a goal of obtaining the desired objective of decomposition. To date, reconstruction techniques employed in the EMD are optimal (Weng and Barner 2007) , complete (Bhagavatula and Savvides 2007) , and selective (Ayenu-Prah and Attoh-Okine 2008) procedures. Complete reconstruction techniques produce redundant information in the composite image attributable to the inclusion of detailed components that might not offer good discrimination ability and may slow the system because it requires more computation time. Selective procedures that lack optimality are susceptible to false edge generation and compromise either the frequency or spatial resolution of the selected image. A procedure that is a compromise between the two (spatial and frequency resolution) is required for accurate classification.
Optimal reconstruction techniques remain the future direction for BIMF reconstruction. However, current methods such as least mean square (LMS) techniques require a desired image to generate reasonable weights for reconstruction; such an image may be impossible to obtain in real-world situations.
The first goal of this paper is to develop an image processing system to simultaneously and adaptively denoise and standardize the background (remove background illumination) of a pavement image without any prior requirement for the image. The second goal is to reconstruct a composite image that records only salient information (cracks features) from both fine and coarse scales of the BIMFs while refraining from combining complementary and redundant information.
Two-Dimensional Empirical Mode Decomposition
The EMD is a very powerful tool for data analysis because of its ability to process nonstationary data. The essence of the EMD is to gradually decompose different trends or fluctuations contained in the complicated signal through their characteristic scales to obtain a series of data sequences with different intrinsic timescales, i.e., the BIMFs. This decomposition helps clarify the understanding of the internal structure of the signal and the components involved (Klionski et al. 2008) . A summary of the process is provided in Fig. 1 (Huang et al. 1998; Klionski et al. 2008; Adu-Gyamfi et al. 2010) .
These BIMFs primarily possess two important properties (Huang et al. 1998; Klionski et al. 2008 ).
1. The number of extrema and the number of zero crossings either must be equal or must differ by no more than one in the entire data set.
where N max = the total number of maxima, N min = the total number of minima, and N zero = the total number of zero crossings. 2. At any point, the mean mðx; yÞ of the envelope defined by the local maxima and the envelope defined by the local minima is zero. 
where E max ðx; yÞ = the envelope of the local maxima and E min ðx; yÞ = the envelope of the local minima using spline interpolation. The two-dimensional (2D) EMD uses the following process. Let the original image be denoted as Iðx; yÞ, a BIMF as h J ðx; yÞ, and the residue as rðx; yÞ.
1. Identify all local extrema (maxima-{Max} and minima{Min}) of the input signal Iðx; yÞ, where x ∈ ½1 : : : M and y ∈ ½1 : : : N. 2. Connect all local maxima by the radial basis function to produce the upper E max ðx; yÞ and the lower E min ðx; yÞ envelope as
The upper and lower envelopes should encompass all of the data between them, implying Minðx; yÞ ≤ Iðx; yÞ ≤ Maxðx; yÞ
3. The mean of the upper and lower envelopes is designated as 
where h j = the jth BIMF, n = the number of sifted BIMF in the above equation, and r n = either the mean trend or a constant. Because oversifting can smooth the amplitudes of BIMFs, thus rendering them physically less meaningful, oversifting is avoided by limiting the size of the sum of the difference (SD) computed from two consecutive sifting results as
Image Background Characterization
A generalized pavement image model is usually expressed as Iðx; yÞ ¼ I illum ðx; yÞ þ I crack ðx; yÞ þ I noise ðx; yÞ
where I illum = the background illumination, I noise = the image noise, and I crack = the cracks in the image. Despite recent advances leading to the use of laser-based imaging to acquire quality (no shadows) images, low-cost pavement distress surveying (Ahmed and Haas 2010) still remains attractive as long as efficient algorithms are used to standardize the images acquired. The following experiment illustrates the performance of the EMD in standardizing pavement images acquired using low-cost cameras and laser devices.
Standardization for Low-Cost Camera Images
For low-cost camera images, variations in the background are the result of the shadows of trees and objects on the sides of roads. The pavement image is standardized by removing any illumination variations created from object shadows. The characterization of illumination in images is widely known in the literature. Illumination effects are usually partitioned into two types: shadowing and specular reflections. Because the shadowing darkens regions of an image, it creates low-valued regions whereas specular reflections create relatively high-valued regions. These regions are effectively the largest and the most slowly changing magnitude extrema in the images (Bhagavatula and Savvides 2007) . The EMD collates these image features into the high-indexed BIMFs. The experiment below explains the performance of the EMD in standardizing pavement images corrupted by illumination variation. Two types of illumination effects are addressed: single source and multiple source. Fig. 2 shows examples of images corrupted from a single source and a multisource. Clearly, the single source has a very simple bimodal histogram compared with that of the multisource shown in Fig. 2(b) , making its characterizing or modeling more straightforward than the multisource. From Fig. 3 , the EMD almost perfectly restores the corrupted image without compromising any other spatial features such as the width and shape of the cracks on the surface. Additionally, the implementation is very simple and straightforward; the restored image is obtained from a linear sum of BIMF 1 and BIMF 2, which is adaptive and data dependent and can be applied for all images corrupted from a single source illumination variation.
Case 1: Image trend or illumination is separated into a single IMF.
BIMF restored is the restored BIMF Case 2: Image trend or illumination is separated into more than a single IMF.
BIMF m ; n is the total number of BIMFs
In practice, a pavement image may be corrupted from difference sources, such as shown in Fig. 2(b) . Note that the shades in the image have different intensities and, hence, do not have unique frequency characteristics. This nonuniqueness is a challenge to the EMD because the different shades might not be collated into a single BIMF. Initial decomposition and restoration results for the image using the method previously described are shown in Figs. 4(b-e) .
The restored image [ Fig. 4(f) ] still contains some shadows. The difference in shadow intensities causes them to be collated in different BIMFs other than the residue, creating difficulties in thresholding and segmentation (the shadow might appear as a crack). This problem is solved using steps described in Fig. 6 . Fig. 3 . Original image, the BIMFs, the illumination variation extracted, and the restored image The key objective is to approximate the BIMFs to a high pass (contains only high frequency information, no shadows) of the original image. The result of applying the procedure outlined in Figs. 5 and 6 is shown in Fig. 7 .
Fig. 2. Pavement images corrupted by (a) a single source illumination with its histogram and (b) a multiple source illumination with its histogram
Although weighting the low spatial BIMFs improved the results, the process is not perfectly automatic and adaptive. The process requires working with extensive training data to estimate the best threshold value for the decomposition's stopping criterion. This defect was improved by restoring 17 pavement images with different levels of corruption. The histogram of the best threshold values used in each case is shown in Fig. 8 . From the plot, the threshold fluctuates but is predominantly between 0.6 and 0.8. The restored image also has a faint shadow on it. The reason is that, because we are approximating the BIMFs to the high pass image, our resulting image will not be the same as the high pass image. Some light shadows may still be present; however, these shadows are not a challenge because they can easily be thresholded out. 
Laser-Based Imaging
Laser-based images eliminate shadowing on pavement images. Image background variation can also result from the way the pavement is constructed, road roughness (disturbs the image acquisition vehicle), and image stitching. The following experiment uses a compressed and stitched laser-based image shown in Fig. 9(a) . EMD is used to estimate the background variations in the image by a similar reconstruction strategy used in Fig. 3 . At this point feature extraction can be carried out either by processing the independent images (labeled f) or by first removing the bias lines (horizontal lines) through notch filtering before processing the stitched image.
Image Denoising and Reconstruction
This section assumes that I noise is the image noise introduced primarily by pavement texture (not poor data acquisition) and other irregularities such as oil stains and other materials on the surface that might be falsely detected as cracks. The irregularities introduced by the pavement's texture are smoothed out as much as possible without erasing the cracks. Usually, image noise is characterized as high frequency and with low-to medium-amplitude signal; however, the behavior of I noise might be different and may be intermittent across the different image scales. Neither a selective nor a complete reconstruction procedure can be used to completely remove I noise from the image.
Reconstruction by Image Approximation
This technique selects an approximation of the original image (one BIMF) from an arbitrarily chosen decomposition level for feature extraction and segmentation. Usually, the low indexed BIMFs are used as the approximate image because they have very good characterization of the edge of the image. An arbitrary selection or combination of the first two BIMF could extract all of the edges in the image. However, these components are very sensitive to noise and, as such, could lead to false edges in the final image. Moreover, all of the edges present in the composite image might not be needed for efficient extraction of crack patterns in the pavement image. The widths of the edges are usually smaller than the actual width in the original image because the low index BIMFs lose most of the low spatial information. Fidelity to the shape and width of cracks is very important for any pavement distress management system. An arbitrary selection, although possibly useful and simple in special cases, generally requires laborious post-processing to remove spurious edges. Fig. 10 illustrates some of the results obtained when this technique is employed.
Complete or Arbitrary Selective Reconstruction
This technique aims to extract a composite image with high fidelity to the width and shape of the crack features in the original image.
For complete reconstruction, the only pattern excluded from the original image is the image tendency or residue (last BIMF) that is usually the variation in the background illumination. Selective reconstruction combines BIMFs from arbitrary levels of decomposition. However, these procedures yield redundant information in the composite image because of the inclusion of detailed components (except the residue) that might not offer good discrimination ability. This redundant information could also lower a system's efficiency and require more computation time.
Figs. 10(c and e) show that the edge detector is unable to extract meaningful features from both criteria. Morphological techniques described in (Sun and Qiu 2007) were also used but the results were not appreciative. Similarly, edge detectors less sensitive to noise did not yield satisfactory results when applied. Note that under simplistic cases, the techniques previously described works well. The key point is that most traditional edge detectors are not necessarily good crack feature extractors. In this work, segmentation is used only to illustrate the accuracy of the crack feature extraction algorithm developed and to reduce the storage requirements for each image. To meet these goals, a technique is proposed that is capable of compromising between the two reconstruction techniques previously explained for extracting meaningful crack features from noisy images.
Multiresolution Image Mining
As previously explained, in complex images, arbitrarily selecting a BIMF for detection and classification of cracks on a pavement may not be prudent. The goal of multiresolution image mining is to reconstruct a composite image that records only salient information (cracks features) from both fine and coarse scales of BIMFs while refraining from combining complementary, redundant information.
To achieve this goal, we consider this issue as a separation problem. Each BIMF is considered a superposition of a low-rank component and a sparse component, as shown in Eq. (12). The sparse component captures the linear patterns in the foreground at each scale or BIMF, and the low-rank component corresponds to the background information.
where C = a BIMF, L = the low-rank component, and S = the sparse component.
Using the technique developed in Candes et al. (2009) , we efficiently recover the salient components (sparse component) without erasing crack information. This recovery is achieved using the principal component pursuit (PCP) algorithm to solve the problem in Eq. (13):
where kLk Ã = the nuclear norm of matrix L and kSk 1 = the l 1 -norm of S. For an exhaustive description of this technique, please refer to Candes et al. (2009) . The general flow of the algorithm is as follows:
Step 2: While not converged loop Compute L kþ1 through singular value decomposition
¼ sgnðxÞ maxðabsðxÞ − τ ; 0Þ, and UΣVÃ = any singular value decomposition. The composite image in Fig. 11(b) captures the salient information required for accurate and physically meaningful extraction of linear patterns in the pavement image. The composite image contains no spurious features. Additionally, the widths of the cracks are well preserved. The segmented image is more physically meaningful than in Fig. 11 . Note that applying the PCP directly onto the original image does not yield good results because of the artifacts and background variations. The results are improved when the background has minimum variation. Hence, the PCP may not be efficient as a standalone methodology.
Implementation and Future Research
The pavement distress image analytical procedures developed may be incorporated into the DOT's existing pavement management systems (PMS). Although the algorithm has not been tested on vast amounts of data at the project or network levels, outlined below are efficient ways to implement the algorithm while taking note of the anticipated challenges or limitations of this work.
Financial and Computational Cost
The financial cost of implementing this algorithm depends on the platform that an agency chooses. Computationally, the proposed technique is expensive primarily because of the use of spline interpolations during the EMD process. Therefore, network level real-time processing may not be feasible. However, if online processing is necessary, the most efficient method is to build these algorithms onto a DIP board using Compute Unified Device Architecture (CUDA). Additionally, the EMD and PCP algorithms can easily be paralleled to accelerate the process for real-time extraction of accurate crack shapes and widths.
Equipment
Images from very simple image acquisition systems such as camcorders or more complex systems such as laser-based imaging may be used. The accuracy of this detection algorithm is not highly dependent on the acquisition device because it is able to enhance and detect cracks from low resolution and noisy images.
Software Development
To obtain very accurate results, the authors recommend offline processing of images. The routines should be compiled into a file of type. dll to integrate it into any GIS environment. Once all of the routines are integrated into the GIS environment, road asset condition and performance can easily be monitored.
Conclusion
This study plays a vital role in pavement distress image analysis. The primary focus of the paper was to develop straightforward, adaptive, and data-driven procedures to extract salient information from pavement distress images through a multiresolution information mining technique.
The EMD was used to decompose the distress image into components that accurately reflected the state of the image at different scales and resolutions in the spatial and frequency domains. A straightforward application of the EMD for image background standardization was demonstrated for a single source illumination. For images corrupted from different sources, a weighted sum of the BIMFs was used to standardize the image background.
By combining the EMD algorithm and the PCP, the authors achieve their ultimate aim of reconstructing a composite image that extracts only salient crack features from different resolutions while refraining from the inclusion of detailed components that may not provide discrimination ability. The fidelity of the composite image to the original image is very high in terms of the width and direction of cracks. The approach illustrated can be extended to analyze images from different infrastructure.
For future work, the authors seek to develop a parallel implementation of the algorithms explained to accelerate the process for real-time application. Second, all image analysis routines will be integrated into a GIS environment for spatial query and crack data management and analysis. Finally, a multidimensional implementation of the algorithm to extract information related to crack depths will be explored.
